Fluorescence spectroscopy attracted more and more attention in pesticide residue detection field because of its advantages of non-destructive, non-contact, high speed and no requirement of complex pre-process procedure. However, given that the concentration of the pesticide detected via fluorescence spectroscopy is calculated in accordance with the Beer-Lambert law, this method can only be used to detect samples containing a single kind of pesticide or several kinds of pesticides with completely different fluorescence which is not in accordance with practical cases. In this article, to overcome this disadvantage, back-propagation (BP) neural network algorithm was introduced to detect multiple kinds of pesticides via fluorescence spectroscopy. The results from four kinds of pesticides which are usually used for fruits and vegetables indicated the effectiveness of BP neural network algorithm.
Introduction
In order to increase crop production to solve the global starvation problem, varieties of pesticides have been increasing dramatically in recent decades [1] , [2] . The misuse and overuse of pesticides have resulted in heavy environmental pollution, which will become a serious threat to people's health [3] - [5] . In recent years, pesticide residues in vegetables, fruit juice and drinking water attracted considerable attention in the field of food safety [6] - [8] . Many methods have been developed to detect the pesticides such as solid-phase microextraction method [9] , gas chromatography [10] , high-performance liquid chromatography [11] and mass spectroscopy [12] . Most of the above methods have been demonstrated to be effective for pesticide detection, however, because of the complex pretreatment process, time-consuming and requirements of chemical reagents which means destructive to samples, these methods are not suitable for on-line detection of the pesticides.
Considering the advantages of non-destructive, non-contact and high speed, optical methods such as infrared spectroscopy [13] , [14] , Raman spectroscopy [15] , [16] and fluorescence spectroscopy [17] , [18] combined with chemometrics algorithm stand out in the field of qualitative and quantitative detection of chemical components. Considering the absorption of the water, infrared spectroscopy mainly used for the detection of the pesticides in the solid samples. For example, near infrared transmission spectroscopy was used to collect spectral data of 240 lettuce samples and two kinds of pesticides (fenvalerate and triazoline) were identified with the accuracy of training set and test set reaching 98.89% and 95.00%, respectively by Sun et al. [19] . For Raman spectroscopy, to realize non-destructive detection, surface sampling is adopted and has proven to be very effective by many researchers [20] - [22] . However, there are still many issues remaining regarding the reported SERS Raman spectroscopy. For example, 1) the fabrication of flexible substrates is time-consuming and their shelf life is limited [20] ; 2) the instability and worse repeatability of the SERS substrates from different batches which would affect the Raman intensity. For these reasons, it seems unsuitable for infrared spectroscopy and Raman spectroscopy to realize on-line detection of the pesticides.
Fluorescence spectroscopy, which is a rapid, non-destructive and non-contact technology, has increasingly attracted attention from scholars in the field of pesticide detection [23] - [25] . Moreover, fluorescence is an inexpensive technique with high intrinsic sensitivity, and the instruments involved are easy to perform. For example, Ji et al. measured the fluorescence intensity at 356 nm and built the exponential prediction model based on the Beer-Lambert law to predict the concentration of boscalid in grape juice. Their results with a correlation coefficient of 0.9999, an average recovery of 101.7%, and a relative standard deviation of 2.5723% indicated that fluorescence spectroscopy is effective to detect the concentration of single pesticide [24] . However, the limit of the exponential prediction model based on the Beer-Lambert law is that the model can't be used to predict the concentration of multiple pesticides simultaneously. Attempts have been made to overcome this disadvantage. Ibanez et al. simultaneously quantified four pesticides (thiabendazole, fuberidazole, carbaryl and naphthyl acetic acid) in vegetables and fruits by measuring excitation-emission fluorescence matrices. Good recoveries between 80% and 115% were acquired which demonstrated that the method enabled to determine the pesticides in complex samples [26] . However, this method required not only the emission fluorescence intensity but also the excitation intensity which increases the data and decreases the speed.
In this work, to overcome the disadvantages of fluorescence spectroscopy applied in the pesticide residues field, BP neural network algorithm was introduced to quantify the concentration of different pesticides simultaneously. Four kinds of pesticides including zhongshengmycin, paclobutrazol, boscalid and pyridaben were used to demonstrate the effectiveness of the method. In total, 151 samples with different concentrations were measured. Among the 151 samples, 51 samples were selected as the training dataset and the remaining 100 samples were used to validate the models. The results indicated that the predicted concentration fitted well with the actual concentration.
Principle
BP neural network is one of the most traditional neural network algorithms which has been applied to many fields. The model is built by minimizing the sum of the squared errors between the actual and predicted values which is based on the gradient descent method. The configuration of traditional three layers BP neural network model is shown in Fig. 1 . The three layers are input layer, hidden layer and output layer. The model between the input layer and hidden layer is built through the following equation [27] - [29] :
where x is the input variable, w is the weight factor, b 1 is the offset value, h is the value in the hidden layer, and g 1 is the activation function. The model between the hidden layer and output layer is built through the following equation:
where v is the weight factor, b 2 is the offset value, y is the output value, and g 2 is the activation function.
Combining Eq. (1) and Eq. (2), the final model between the input layer and output layer can be expressed as
To optimize the model, loss function is defined as
where θ represents the parameter set, Y i is the actual value, and y i is the output value predicted by the model. The value of loss function is calculated and compared with the given value. If the value of loss function is larger than the given value, the weight factor and offset value are adjusted according to the following equation: 
where η is learning rate and k is the number of iterations. The iterations will continue until the value of loss function is smaller than the given value or the validation checks are larger than the set value which means the error of the validation set will not decrease with the training. In this work, the data in the input layer is the fluorescence spectra obtained from different concentrations. Since the fluorescence spectrum consists of the fluorescence intensities at 801 wavelengths, the number of nodes in the input layer is 801. The data in the output layer is the concentration of the pesticide corresponding to the fluorescence spectra in the input layer.
Experiment

Equipment
All the experiments presented in this work were done on LS55 (Perkin Elmer) with an ozone free pulsed xenon lamp whose wavelength is 200-800 nm. The schematic diagram of the fluorescence spectroscopy was shown in Fig. 2 . 260 nm was selected as the excitation light. The emission light ranges from 200 to 600 nm, each 0.5 nm was scanned and recorded by a photomultiplier. The width of the slit was set as 5 nm, while the scanning speed was set as 500 nm/min. The drinking water was contained in a 1.00 cm quartz cell.
Reagents and Solutions
Zhongshengmycin, paclobutrazol, boscalid and pyridaben were used as the reagents which were dissolved in the distilled water in the present work. The initial concentrations of zhongshengmycin, paclobutrazol, boscalid and pyridaben were 0.144 mg/mL, 0.135 mg/mL, 0.07 mg/mL, 0.016 mg/mL, respectively. The working solutions were prepared by adding different volumes of the different reagents. Totally, 151 samples with different concentrations of different reagents were prepared to collect the fluorescence spectra. The working concentration of zhongshengmycin ranged from 0 mg/mL to 0.0305075 mg/mL, while that corresponding to paclobutrazol, boscalid and pyridaben ranged from 0 mg/mL to 0.0284407 mg/mL, 0.014747 mg/mL and 0.0033391 mg/mL.
Calibration and Validation Sets
Among the 151 spectra, 51 spectra were used as the training set and the remaining 100 spectra were used as the validation set. The PLS model indicated that the relationship between the fluorescence intensity and concentration was built using the calibration set. To avoid the influence of the abnormal samples to the model, cross-validation was performed first. Since four reagents were used, four PLS models were required to predict the concentration of each reagent independently. 
The Parameters of the Model
Since four kinds of pesticides were selected and no chemical reaction would occur which means the fluorescence intensity of each pesticide will not be affected by other pesticides. As a result, the final fluorescence intensity can be regarded as the sum of the fluorescence intensity of each pesticide. Considering the Beer-Lambert law, when the concentration of the pesticide is low, the fluorescence intensity can be expressed as [30] 
where I 0 is the intensity incident on the sample, φ is the fluorescence efficiency and ε is the absorption coefficient, c is the concentration of the sample, d is the optical path length. Since the light source for each measurement is the same, the value of I 0 can be treated as the same for each pesticide. Given that a 1.00cm quartz cell was used to contain the samples and the refractive index of each pesticide sample can be treated as 1.33 (the refractive index of water) because of the low concentration, the optical path lengths for each pesticide sample is the same. Equation (9) can be revised as
Thus, there are only two parameters related to the pesticide: φ and ε . Considering that there are four kinds of pesticides, the fluorescence efficiency and absorption coefficient for each pesticide Fig. 6 . The validation of the model. may be different. Thus, the number of the node in the hidden layer is selected the value around 8. Matlab R 2013b was used to build the model. The value of the relative parameters was labeled in Table 1 . The learning rate (Mu) was set as 0.001. The minimal error of the training was set as e −10 . The number of the iteration was set as 5000.
Results
The samples in the training dataset were used to build the model. To evaluate the model, neural network algorithm will divide the training dataset into three parts: train, validation and test. To be different from the training and validation dataset for the model, the train, validation and test divided from the training dataset was called as inner-train, inner-validation and inner-test. Fig. 3(a)-(d) shown the performance of the model for zhongshengmycin, paclobutrazol, boscalid and pyridaben. The best inner-validation performances (mean squared error) were 4.8088 × 10 −7 , 2.6572 × 10 −7 , 8.3291 × 10 −8 and 3.6133 × 10 −9 for zhongshengmycin, paclobutrazol, boscalid and pyridaben. In Fig. 3(a) , even though the mean squared error of the validation is larger than the value 10 −10 which is the goal, the value 4.8088 × 10 −7 mg/mL is smaller than the 0.0003564 mg/mL which is lowest concentration of zhongshengmycin (except 0 which means the pure water). The mean squared error for the train and test were both lower than 4.8088 × 10 −7 mg/mL which means that the model is suitable. Fig. 4 shown the training stage of the model. The value of Mu decreased with the increase of epoch which means that the performance of the model got better with the increase of epoch. The value of validation checks means the times that the error of the validation is larger than that of the training. This parameter is used to prevent the model overfitting. If the value of the validation checks is larger than 6, it means that the error of the test would not be improved by increasing the epochs. Fig. 5 shown the results obtained by the model for the inner-train, inner-validation and inner-test. The circle sign represented the output of the model. The dotted line represented the theoretical relationship between the actual concentration (Target) and the output of the model. The solid line, which was achieved by fitting, represented the actual relationship between the actual concentration (Target) and the output of the model. R-square coefficients were used to evaluate the performance of the fitting. The R-square coefficients for them were 1, 0.99814 and 0.99797, respectively. The average R-square coefficient for all the samples in the training dataset was 0.99924. All these results indicated a good linear relationship between the output predicted by the model and the actual concentration according to Wang's research [31] , if the R-square of the model is larger than 0.9756, then the model indicates a good linear relationship between the predicted and actual values. The dotted line and solid line were overlapped for training, validation and test which means that the performance of the model was in accordance with the theoretical value.
Considering the model has demonstrated effective with the training dataset, to demonstrate the stability of the model, the remaining 100 samples in the validation dataset were used to test the model. Fig. 6 (a)-(d) were the results for zhongshengmycin, paclobutrazol, boscalid and pyridaben samples in the validation dataset. The R-square coefficients for zhongshengmycin, paclobutrazol, boscalid and pyridaben were 0.9879, 0.9898, 0.9938 and 0.9883 which were all larger than 0.9756. The slopes of the fitting lines for each pesticide were 0.9759, 1.019, 1.008 and 0.9908 which were close to the theoretical value 1. The R-square coefficients and the slopes of the fitting lines demonstrated that BP neural network model performed well in predicting the concentration of the pesticides.
Conclusion
In this work, BP neural network algorithm was introduced to realize the simultaneous detection of multiple pesticides with fluorescence spectroscopy to overcome the disadvantages of exponential prediction model and excitation-emission fluorescence matrices methods. Four traditional three layers BP neural network models were tested with four kinds of pesticides and all the results indicated the promising application of the fluorescence spectroscopy in the field of pesticide residue detection. In the future, we hope to improve the BP neural network model with four nodes in the output layer which means that only one model is required to predict the concentration of four pesticides.
